Pregnancy and childbirth involve maternal brain adaptations that promote attachment to and protection 2 of the newborn. Using brain imaging and machine learning, we provide evidence for a positive relation-3 ship between number of childbirths and a 'younger-looking' brain in 12,021 women, which could not be 4 explained by common genetic variation. The findings demonstrate that parity can be linked to brain 5 health later in life.
genome-wide association study (GWAS) on the phenotype number of births in 271,312 healthy women in 32 the UK Biobank (excluding our MRI subsample). We then computed polygenic score for each European 33 individual in our MRI subsample (N = 10,289, Online Methods), and tested for associations between 34 polygenic scores and the probability score from the group classification and brain age gap, respectively.
35
To estimate genetic overlap between number of births and a range of other complex traits, we used linkage 36 disequilibrium score regression based on previously published GWAS results [12] [13] [14] [15] [16] [17] .
37 Figure 1 and Table 1 show the results from the group classification and the brain age prediction.
38
The probability of being classified as parous was positively related to number of births (r = 0.05, p = in the predicted age [18, 19] , we employed a quadratic regression to the data (Equation 1, Online Methods). the reproducibility of these effects, the brain age analysis was rerun using predicted brain age estimates based on an independent approach and training set [20] [21] [22] . In brief, the results were consistent with the 48 main findings (see Online Methods for full description). To investigate relevant confound variables, we 49 performed additional analyses testing the associations between brain age gap and number of childbirths 50 when accounting for ethnic background, education, body mass index, and age at first birth. None of these 51 variables fully explained the differences in brain age gap between parous and nulliparous women. The Table 1 : Results from the group classification and brain age prediction, including correlation analyses, logistic regression, and differences in brain age gap between the subgroups of parous women compared to nulliparous women, respectively. SE = standard error. Number of women with > 1 birth = 9568, nulliparous women = 2453.
The mean polygenic scores for number of births in each of the subgroups are shown in Figure 2 . A Summarized, the results show that parity can be linked to women's brain structure in midlife, in line
67
with a recent analysis that tested for associations between brain age and a range of phenotypes in the 68 UK Biobank [18] . We found no evidence that common polygenetic variation or confound variables (see
69
Supplementary Material) could fully explain the differences in brain age gap between parous and nulli-70 parous women. In light of the existing literature, the findings indicate that parity involves long-lasting 71 changes in brain structure [8, [24] [25] [26] [27] [28] that may entail a protective effect on brain health later in life [9, 72 29] . Such enduring effects may also be more prominent following multiple childbirths, as multiparous 73 women were more likely to be classified as parous based on their brain characteristics, and also had the
74
'youngest-looking' brains in terms of brain age gap.
75
Endocrinological modulations play an important role in the increased brain plasticity that occur 76 during and after pregnancy [26, 28] . Changes in sex steroid hormones are known to influence human 77 brain structure through regulation of neuronal morphology [30] [31] [32] , and hormones such as estradiol, progesterone, prolactin, oxytocin, and cortisol are known to regulate brain plasticity [26, 30] In conclusion, our results provide evidence that parity is linked to brain health in midlife, and 99 that this association cannot be explained by common genetic variability. Parity may thus involve neural 100 changes that extend beyond the postpartum period and confer a protective effect on the aging brain. 
Sample

107
The sample was drawn from the UK Biobank (www.ukbiobank.ac.uk), and included 12,021 women.
108
Sample demographics are provided in Table 2 using linear models, before subjects with average Euler numbers of SD ± 4 were identified and excluded
120
(n = 109). In addition, subjects with SD ± 4 on the global MRI measures mean cortical or subcortical 121 gray matter volume were excluded (n = 10 and n = 12, respectively), yielding a total of 12,021 subjects 122 for the main analyses.
123
As a data quality cross check, the main analyses (binary classification and brain age prediction) were 124 re-run using MRI data that was first residualized with respect to the average Euler numbers in addition 125 to the other covariates. In brief, the results were consistent with the main findings (see Supplementary 126 Table 1 for full results).
127
For the binary classification, we residualized all variables with respect to age, scanning site, ethnic background, education, and ICV using linear models. For the brain age prediction, we residualized all [-0.09, -0.05]. As the results were consistent, 100 components were chosen to reduce computational time. 
Binary classification
141
Gradient boosting classification was performed using Scikit-learn (https://scikit-learn.org). Parameters 142 were set to max depth = 1, number of estimators = 100, and learning rate = 0.1 (defaults). To account 143 for differences in group size, under-sampling was performed using Imbalanced-learn (https://imbalanced-144 learn.readthedocs.io/en/stable/user_guide.html), randomly selecting samples (without replacement) in 145 order to balance the group size. The classifier probability score was estimated based on a 10-fold cross 146 validation, assigning a probability of being labeled as parous (having given birth) to each of the subjects.
147
An average AUC value was generated in the cross validation, and then compared to a null distribution 148 based on 10,000 permuted datasets. The result is shown in Figure 4 . 
Brain age prediction
150
The XGBRegressor model from XGBoost was used to run the brain age prediction analysis In order to adjust for a frequently observed bias leading to generally overestimated age predictions at low 157 age and underestimated predictions at high age [18, 19] , we employed the following regression:
where the coefficients A, B and C parameterize the relationship between the true and predicted age.
159
These coefficients were then used to remove the effect of the bias, in order to achieve a linear dependence 160 with slope = 1 between the true and predicted age values, as illustrated in Figure 6 . 
A) B)
Figure 6: A) Machine performance is biased towards the mean age, resulting in overestimated predictions at low age and underestimated predictions at high age. B) After bias correction using Eq. 1, the predictions follow the expected dependence.
estimates based on an independent approach and training set from the brainageR software
163
(https://github.com/james-cole/brainageR) [20] [21] [22] regression with the kernlab package in R. See [21] for details.
167
The predicted brain age values from the brainageR dataset were corrected for age using Equation 168 1, and outliers with a value of < 0 and > 90 were removed (n = 15). The brain age that was estimated 169 using brainageR and the brain age that was estimated using our current approach showed a correlation of brain age prediction analyses were re-run using MRI data that were residualized with respect to the Euler numbers in addition to the other covariates using linear models. Outliers were identified and removed using the procedure described in Online Methods. The top 100 variables from a PCA were included in the regressor. The table shows the results from correlation analyses and logistic regression, and differences in brain age gap between each group of parous women compared to nulliparous women, respectively. The estimated brain age was corrected for age using Equation 1 in the Online Methods. Number of women with > 1 birth = 9568, nulliparous women = 2453. Outliers were identified and removed using the procedure described in Online Methods. The top 100 variables from a PCA were included in the regressor. The estimated brain age was corrected for age using . The brain age analysis was re-run within groups of women with a) university or college level education, b) A levels, c) O levels or equivalent, and d) other professional qualifications (NVQ or similar). Outliers were identified and removed using the procedure described in Online Methods. The top 100 variables from a PCA were included in the regressor. The estimated brain age was corrected for age using Equation 1 in the Online Methods. The table shows the results from correlation analyses and logistic regression within each of the educational categories. To further investigate the influence of AFB, the brain age analysis was re-run within groups of women with AFB at a) < 22 years, b) 22 -29 years, and c) > 30 years, as compared to nulliparous women, respectively, in a subsample including the nulliparous women and the parous women who had data on AFB (N = 8017). Outliers were identified and removed using the procedure described in Online Methods. The top 100 variables from a PCA were included in the regressor. The estimated brain age was corrected for age using Equation 1 in the Online Methods. The table shows the results from correlation analyses, logistic regression, and differences in brain age gap between each of the groups of parous women compared to nulliparous women, respectively, within each of the AFB categories.
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